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ABSTRACT: An optimisation algorithm for the optimisation of metal forming processes is proposed. The al-
gorithm can be classified as a sequential approximate optimisation algorithm and incorporates both Response
Surface Methodology (RSM) and Design and Analysis of Computer Experiments (DACE) metamodelling tech-
niques. RSM is based on fitting lower order polynomial by least-squares regression, whereas DACE uses
Kriging interpolation functions as metamodels. The proposed optimisation algorithm has been used to obtain
the optimised internal pressure and axial feeding load paths to minimise wall thickness variations in a hydro-
formed product. The results are satisfactory, which shows the good applicability of metamodelling techniques
to optimise metal forming processes.
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1 INTRODUCTION
During the last decades, Finite Element (FEM) simu-
lations of metal forming processes have become im-
portant tools for designing feasible production pro-
cesses. In more recent years, several authors recog-
nised the potential of coupling FEM simulations to
mathematical optimisation algorithms to design opti-
mal metal forming processes instead of only feasible
ones.
A way of doing this is using classical iterative optimi-
sation algorithms (Conjugate gradient, BFGS, etc.),
where each function evaluation means running a FEM
calculation, see e.g. [1, 2]. In case of metal form-
ing these FEM calculations can be extremely time-
consuming and need to be evaluated sequentially.
Furthermore, many classical algorithms require sen-
sitivities, of which the efficient calculation is not
straightforward for FEM simulations. A third diffi-
culty concerning iterative algorithms is the tendency
to be trapped in local minima.
An alternative way of optimisation in combination
with expensive function evaluations is using approx-
imate optimisation algorithms, of which Response
Surface Methodology (RSM) is a well-known exam-
ple. RSM is based on fitting a lower order polyno-
mial metamodel through response points, which are
obtained by running FEM calculations for carefully
chosen design variable settings and finally optimising
this metamodel [3]. Metamodels are sometimes also
referred to as Response Surface models or surrogate
models. Allowing for parallel computing and lack-
ing the necessity for sensitivities, RSM is appealing
to many authors in the field of metal forming, see e.g.
[4, 5].
Although the practical effectiveness of RSM has been
frequently demonstrated, statisticians emphasise that
RSM is theoretically not applicable to deterministic
computer experiments such as FEM and propose the
field of “Design and Analysis of Computer Experi-
ments” or DACE instead [6–8]. DACE is similar to
RSM, but interpolates a metamodel through the re-
sponse points based on Kriging. Allowing for no er-
ror, interpolation better suits the deterministic nature
of computer experiments. However, DACE is rarely
used in the metal forming community, probably due
Figure 1: Optimisation algorithm for metal forming
processes
to its complex statistical nature and the lack of read-
ily available software [8].
In this paper we propose an optimisation algorithm
incorporating both RSM and DACE metamodelling
techniques for metal forming. The algorithm is pre-
sented in Section 2 and the applicability to metal
forming is demonstrated in Section 3 when it is ap-
plied to the optimisation of a hydroforming process.
2 THE OPTIMISATION ALGORITHM
Because of the advantages mentioned in the previous
section, we propose an algorithm based on metamod-
elling. An additional motivation is the process knowl-
edge, which can be provided by the visualisation of a
metamodel. The proposed optimisation algorithm is
presented in Figure 1.
We start with modelling the optimisation problem,
i.e. quantifying objective function and constraints and
selecting the design variables. Regarding the con-
straints, a distinction is made between explicit and
implicit constraints. The former group are constraints
that explicitly depend on the design variables and,
are in case of metal forming related to the unde-
formed product, e.g. constraints on the initial shape
of a blank. The latter group depend implicitly on the
design variables and are related to the deformed prod-
uct, e.g. necking should not occur. To evaluate an im-
plicit constraint, one needs to run a FEM calculation.
It is noted that the modelling of an optimisation prob-
lem is officially not part of an optimisation algorithm,
which is solely a mean for solving the optimisation
model. Clever modelling and solving are both crucial
for mathematically optimising an optimisation prob-
lem [9].
When the optimisation problem is modelled, Figure
1 shows that the first step of the algorithm is to care-
fully select a number of design sites by a Design Of
Experiments (DOE) strategy. We use a combination
of a full factorial design and space filling latin hyper-
cubes, which takes into account explicit constraints.
Thus, the design space is generally not rectangular.
The full factorial design makes sure that metamod-
els are accurately predicted at the bounds of the de-
sign space, where optima are often expected, whereas
space filling latin hypercubes is a good DOE strategy
for deterministic computer experiments [8].
Subsequently, using the settings indicated by the DOE
strategy, a number of FEM calculations is run on par-
allel processors and the response points (objective
function and implicit constraint values) are obtained.
Following Figure 1, the next step is to fit for each re-
sponse four polynomial regression metamodels (lin-
ear (+ interaction) and quadratic (+interaction)) and
three Kriging interpolation metamodels (ordinary and
detrended Kriging [10]). Metamodel validation based
on leave-1-out cross validation is used to select the
best metamodel for the observed response, see e.g.
[10]. This procedure is repeated until the best meta-
model is selected for each response. These best meta-
models for objective function and implicit constraints
are added to the explicit constraints in the optimisa-
tion model, which is subsequently optimised using
a standard Sequential Quadratic Programming (SQP)
algorithm, see for example [11]. The obtained ap-
proximate optimum is finally checked by running one
last FEM calculation with the approximated optimal
settings of the design variables. The difference be-
tween the approximate objective function value and
the real value of the objective function calculated by
the last FEM run is a measure for the accuracy of the
metamodel. If the user is not satisfied with this ac-
curacy, the algorithm allows for remodelling the op-
timisation problem (e.g. zooming near the optimum)
and repeating the procedure presented above until one
is satisfied with the accuracy. Hence the proposed al-
gorithm incorporates all the advantages of sequential
approximate optimisation algorithms.
The optimisation algorithm was implemented in
MATLAB and can be used in combination with any
Finite Element code.
Figure 2: Hydroformed product
3 APPLICATION TO HYDROFORMING
The optimisation algorithm introduced in the previous
section is applied to a simple hydroforming process.
The product to be hydroformed is presented in Fig-
ure 2(a). Making use of symmetry, we can model the
axisymmetric product in 2D as shown in Figure 2(b).
We are interested in optimising the internal pressure
p and axial feeding u load paths. A typical time-
dependent load path for hydroforming is shown in
Figure 2(c). Assuming a strain rate independent ma-
terial (α is irrelevant), three design variables are re-
maining: the time when axial feeding starts t1, the
time when axial feeding stops t2 and the total amount
of axial feeding umax.
As an optimisation objective, it was chosen to min-
imise variations in the wall thickness of the final prod-
uct with respect to the initial tube thickness. One
implicit and two explicit constraints were formulated.
The implicit constraint ensures that the final product
fills out the die nicely, one explicit constraint makes
sure that the time when axial feeding stops is larger
than the time when it starts and the last constraint
was formulated to overcome convergence problems
of the FEM calculations when t2 approaches t1 and
the amount of axial feeding is high (large umax). The
total optimisation problem is modelled as follows:
min f (t1, t2,umax) =
∥∥∥∥h−h0h0
∥∥∥∥
2
s.t. gimpl = V ≤ 0
gexpl1 = t1− t2 ≤ 0
gexpl2 = umax−9(t1− t2)≤ 0
0s ≤ t1 ≤ 5s (1)
2.5s ≤ t2 ≤ 10s
0mm ≤ umax ≤ 9mm
where h is the final wall thickness at a certain location
in the hydroformed product, h0 is the wall thickness of
the initial tube and V is the volume between the final
product and the die. If this volume is larger than zero,
there is a gap between the final product and the die
and the final shape of the product is not satisfactory.
The optimisation problem given by Equation (1) is
now optimised by the optimisation algorithm pro-
posed in the previous section. Figure 3(a) shows the
2D axisymmetric FEM model used during the optimi-
sation. Note that the model is rotated 90◦ with respect
to Figure 2(b). The FEM calculations were run in
batches of 16 parallel calculations using the FE code
DiekA.
Figures 3(b) through (e) present some final products
deformed with arbitrary load paths. The design vari-
able settings for t1, t2 and umax and the response val-
ues for the objective function f and the implicit con-
straint gimpl are presented in Table 1. Note that prod-
uct (a) is the initial undeformed product, which is seen
as the product with the perfect wall thickness distribu-
tion by the objective function quantified in Equation
(1). For the perfect product, the objective function
equals 0. Also note that products (c) and (e) do not
satisfy the implicit constraint gimpl, which can also
clearly be seen from Figures 3(c) and (e).
Figure 3: (a) FE model of the initial tube; (b-e) Final
product formed several arbitrary selected load paths; (f)
Final product formed with optimised load paths
Product t1(s) t2(s) umax(mm) f gimpl
(a) – – – 0 –
(b) 0 0 0 1.39 -0.29
(c) 0 3 9 0.52 1.79
(d) 0 10 9 1.42 -0.34
(e) 4.8 6.2 7.7 1.37 32.64
(f) 0 2.5 8.3 0.32 -0.47
Table 1: Design variable settings and response values
The optimised settings found by the proposed optimi-
sation algorithm are also presented in Table 1 as prod-
uct (f). The final shape of this product is shown in Fig-
ure 3(f). Figure 4 shows the wall thickness through-
out the final product for all load paths. It can be con-
cluded from the Figures 3 and 4 and Table 1 that the
product deformed with the optimised load paths out-
performs the other products formed with arbitrary set-
tings, which demonstrates the good applicability of
the proposed algorithm to metal forming.
4 CONCLUSIONS AND FUTURE WORK
An optimisation algorithm based on metamodelling
techniques is proposed for the optimisation of metal
forming using time-consuming FEM calculations.
The optimisation algorithm was applied to obtain
the optimised internal pressure and axial feeding
load paths to minimise wall thickness variations in
a hydroformed product. The results are satisfactory,
which shows the good applicability of metamodelling
techniques to optimise metal forming processes.
Future work comprises improving the efficiency of
the proposed algorithm. This can be done by adapting
the algorithm itself to the arbitrarily modelled optimi-
sation problem of Equation (1) or by clever remod-
Figure 4: Wall thickness distribution of several
hydroformed products
elling of the optimisation problem to comply with the
proposed optimisation algorithm. We will focus on
the latter method, since we believe that clever mod-
elling, i.e. quantifying objective function and con-
straints and applying mathematical techniques to se-
lect only the most significant (combinations of) de-
sign variables, offers larger flexibility than solely im-
proving the optimisation algorithm. An additional
beneficial side effect is the process knowledge that
can be gained by applying these modelling techniques
to metal forming.
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